
Retrieval Augmented Generation



Context Windows

• AI models have context windows that limit how much text you 

can feed them 

– Ex) Gemini 3 Flash and Pro have 1 million token context window – about 

1,500 pages of text

• Even if you can fit your documents in that window, the AI can 

get “lost in the middle” and have trouble answering your 

queries

• We need a way for the AI to intelligently select the relevant 

parts of your data in order to answer your question



Retrieval Augmented 

Generation (RAG)

• RAG allows an AI to selectively retrieve 

documents to answer your query

• All documents stored in a clever way in a 

special database

• This database uses clever techniques to find 

relevant documents for your query



Text Embeddings

• The key to RAG are AI powered text 

embeddings

• A text embedding maps text to a vector

• The vector location encodes the meaning of 

the text



Embedding Example



Embedding Models

• We can use the gemini-embedding-001 model to embed text

• Other AIs have similar embedding models

• Embedding is 768 dimensions

• Python code:



Embedding Chunks

• We chop up the document in smaller chunks (maybe 1 or 2 

pages)

– Make chunks overlap a little bit so you don’t cut important 

parts in the middle

• We embed each chunk one at a time

• Now we have a bunch of vectors, where do we store them?



Vector Store

• A vector store is a database where can store the text chunks 

and their vector embedding

• Vector store also has methods to let you rapidly search for 

vectors which are similar to an input vector

– Hierarchical navigable small world (HNSW)

– Inverted File Index (IVF)

• This lets us quickly find chunks similar to our query

• Many popular vector stores 

– Pinecone

– Chroma/Weaviate

– Milvus

– MongoDB ☺



RAG Workflow

• User query

• Embed query

• Search vector store for 

chunks similar to query

• Put the chunk text into 

the chat context

• AI replies to your query + 

relevant chunks



Embedding Cost

• Embeddings are very cheap



MongoDB Vector Store

• After we embed the chunks 

with AI, we store them in a 

collection on MongoDB

– Chunk text 

– Embedding vector

– Useful metadata (can be AI 

generated, like summarize the 

chunk)



MongoDB Vector Store

• Once the chunks are stored, we create an index on the 

collection

• Select “Search & Vector Search”



MongoDB Vector Store

• Choose “Vector Search” for search type



MongoDB Vector Store

• Name your index and choose the database and collection 

where you stored your chunks



MongoDB Vector Store

• Choose “JSON Editor” for configuration method

• Have the AI write the JSON index definition and paste it in the 

JSON Editor on MongoDB



Coding Session

• Put a large document into a vector store

• Clone a basic chat app

• Give that chat bot RAG functionality
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